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Introduction
The central contribution of this paper is its use of synthetic cohorts to analyze the issue of income distribution, providing a new perspective on the topic. The paper studies the evolution of income distribution for cohorts born between 1902 and 1978, using synthetic cohorts constructed from successive cross section surveys (with data taken from the Employment surveys of the University of Chile -1957 Chile - to 2004 . It decomposes this evolution into cohort, age and year effects and then analyzes the pattern of cohort effects. In particular it looks into whether these patterns can be explained by trends in the mean and dispersion of both years of education and returns to education in the cohort. To do this we estimate the rates of return to schooling in Chile for those cohorts (see Sapelli and Mullins (2006) and Sapelli (2009)) .
A cohort analysis of the issue of income distribution opens up a new perspective on the topic. The evolution of cohort income inequality during the period shows an interesting dynamics: inequality first increases and later decreases 1 . However, the public policy discussion in Chile regarding income distribution is made on the basis of the cross section income distribution (based on one cross section survey, be it the U. de Chile survey or the CASEN survey) which show inequality basically flat for many decades now.
However, from the point of view of designing public policy this appears to be a mistake, since it is very hard for public policy to act on the "stock" (the sum of all cohorts) income distribution, since it would imply addressing a multiplicity of causes. But public policy can act on the income distribution of recent cohorts (or "marginal" cohorts) with a much wider range of policies (by improving the quality of education, decreasing desertion, increasing tuition credit). Since these policies act at the margin, they should not be judged according to what happens to the stock. Hence this paper argues that the evolution of income distribution that is described here should be considered more indicative of what is currently happening than estimates based on cross section data for one year.
Since both methods tell different stories, the analysis of inequality using data from one cross section survey (the methodology that is most commonly used), may lead to incorrect public policy decisions. Panel data would probably be more precise, but in Chile, as is the case in many developing countries they do not exist yet: cross section surveys are all that is available.
We need to look at whether policy is having an effect on the inequality of recent cohorts. Changes in the "marginal" distribution that are sustained over time will eventually affect the "stock" distribution. Moreover, by looking at these changes we could predict what the "stock" income distribution will look like in the future (however, this is not done here). Another angle from 1 Inequality is measured by the Gini index. The method of estimation of these Ginis is described bellow. which this dichotomy can be viewed is that of the difference between intragenerational inequality and inter-generational inequality. We will not look into inter-generational inequality in this paper 2 , but we will look at intra-generational inequality and its evolution.
The Data
We use the Universidad de Chile "Encuesta de Ocupación y Desocupación en el Gran Santiago" surveys of Gran Santiago called for the period June 1957 June -2004 . The sample is composed of men and women in the greater Santiago area who report non-zero work income, are aged between 18 and 65 inclusive, and who were born between 1904 (on occasion 1902) and 1978 inclusive 3 .
The individuals are grouped into "cells" of individuals that were all born in the same year and are all observed at the same age e.g. men and women born in 1940 observed at age 20 (in 1960 Inter-generational inequality is marked by the existence of older generations with a low average number of years of education. Since they are present in the "stock" distribution along with generations with more education, and since over time the number of college graduates has increased, and university rates of return have also risen, it is unsurprising that the tendency of the stock income distribution has been to deteriorate or at best to stay the same. However this group does not exist in the most recent cohorts. To analyze the data and estimate the cohort effects we first estimate the Gini coefficients by cohort and year. For example, we estimate the Gini coefficient for the cohort born in 1939 in every year we observe them within our sample period of 1957 to 2004. This is done for all cohorts born from 1902 to 1978 inclusive, and these Gini coefficients, calculated from an average of 80 individuals' incomes, are used as the dependent variable. We set the cut-off points at the 1902 and 1978 cohorts because working with individuals between 18 and 65 years of age implies that we observe these cohorts at least in nine different years, allowing a sufficiently trustworthy estimate of the "cohort effect."
With the data so generated we run a regression to separate cohort, age and year effects. Because of the well-known estimation difficulties that arise from the perfect co-linearity between cohort birth year, age, and year of survey, we use the method developed by Deaton (1997) to sort between these three effects. The idea behind this methodology is to run a regression between these Gini coefficients and dummies by cohort, by year and by age (regression results available from the author). The assumption used by the Deaton method to identify these three effects is that the year effects have no trend and therefore add to zero. Another assumption is that there are no interactions between the three effects.
The Deaton method, among other things, permits us to abstract from the fact that our cohorts have different age compositions. This is important since the earlier cohorts we observe only for their later years and the later cohorts only for their earlier years. Figure 1 shows the results of applying this method 5 . We graph only the cohort effects, i.e. the coefficients of the cohort dummies. In this paper we abstract from the results of the year effect (that show that inequality increases at times of high growth and decreases with recessions) and from the results of the age effect (that show the standard result that inequality grows with age, at a declining rate). The cohort effects we show in Figure 1 are what later we call the effects estimated with a "pure Deaton" regression (i.e. only with the dummies for the three effects), to distinguish them from regressions where we attempt to explain the evolution of the cohort effects described here.
We obtain that the cohort effects explain changes of 9 points in the Gini index. Most recently cohort effects decrease systematically for cohorts born from the fifties onwards (and in particular since 1959). We can see in Figure 1 that the cohort effects describe an inverted U shaped curve from the cohort born in 1929 to that born in 1978. Starting with cohorts born in 1929 (which entered the labor market in the late forties/early fifties) there is an increase in cohort 4 There are several changes between the data used here and that used for previous versions of this paper that are worth noting. First, the surveys of 1959, 1963, and 1964 are included in some regressions. They were excluded in the past because they lacked data on education. Data from 2003 and 2004 (which we did not have) were also added to the sample. All cohorts from 1902 to 1978 are now studied; previously we worked only with . Some changes relevant to the rate of return calculations were made to the inflation deflator (see Sapelli and Mullins 2006 In Figure 1 we can appreciate that standard errors 6 are large and cohort effects are not significantly different from zero for most of the cohorts. However, there is a period (for cohorts born from 1939 to 1961) where most (20 out of 23) of the cohort effects are significantly different from zero. Thereafter they return to being statistically zero. Hence one could say that while there are no cohort effects at the beginning and the end, they exist for the mid period and hence income inequality is significantly larger for cohorts born from 1939 to 1961. However, given the low mass in each cell, standard errors are large, and most cohort effects are not significantly different from 0.04. To diminish the problem of large standard errors, we use a standard methodology in cohort analysis to increase mass in each cell and achieve more precision in our estimates 7 : we work with moving averages of several cohorts instead of with each cohort individually. We therefore work with moving averages of 3 (MA3) and 5 cohorts 6 We report here results with normal standard errors. Robust standard errors were also used to correct for some indications of heteroskedasticity caused by the fact that our dependent variable (Ginis by cohort and year) are being calculated from different numbers of individuals' incomes e.g. some are calculated from 200 individuals' incomes, while others were based on 15 individuals (the average number of individuals used to calculate the Ginis is 80). However, results with normal SE or robust SE do not differ much. 14 1903 1906 1909 1912 1915 1918 1921 1924 1927 1930 1933 1936 1939 1942 1945 1948 1951 1954 1957 1960 1963 1966 1969 1972 1975 1978 (MA5) 8 . In each moving average we include all the data of 3 or 5 generations to characterize the cohort at the centre of the interval. We only report here the results for the MA5. The MA5 estimates are shown in Figure 2 . They show basically the same evolution seen in Figure 1 , however the inverted U now covers the whole period: first a rise in inequality and then a fall. The statistical significance rises and the period where cohort effects are significantly different from zero is now more extensive and ALL cohort effects are significant within this period. The period with significant cohort effects is now for the generations born between 1935 and 1965. Most importantly, the cohort effects show a statistically significant pattern, in particular regarding the rise in inequality which is significant at the 5% level. Regarding the fall towards the end, it is not significant at the 5% level, but it is significant at the 10% level.
Regarding the magnitude of the changes in inequality, in the case of the estimation without moving averages, the cohort effects rise 7 points between 1929 and 1951, then are stable from 1951 to 1959, and then drop 8 points. In the case of the MA5 estimates, the rise occurs from 1911 to 1947 (and is of 5 points) and then there is a drop of about the same magnitude (4 points) 9 . As is usually the case, trends are softened when working with moving averages.
FIGURE 2 COHORT EFFECTS FOR A "PURE DEATON" REGRESSION WITH COHORTS
DEFINED AS A MOVING AVERAGE OF 5 COHORTS (Shown together with a 95% confidence interval) 8 We do this only for the "pure Deaton" regression but not for other regressions in this paper since the generation of variables by cohort in this definition is cumbersome (especially for the rates of return) and interpretation of results is not straightforward.
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Quantitatively these falls can be appreciated in the following manner. If we take into account a Gini of between 0.5 and 0.55 (which is the result from cross section estimates) a decrease of 8-9 point would imply a fall of 16-18% in the index. One of 4-5 points would imply a fall of about 8-10 percent. 1902 1905 1908 1911 1914 1917 1920 1923 1926 1929 1932 1935 1938 1941 1944 1947 1950 1953 1956 1959 1962 1965 1968 1971 1974 1977 It is important to note that the evolution of inequality we have described (i.e. the inverted U shape) is robust to working with other inequality indexes. In particular we have verified this using both the Theil 0 and Theil 1 indexes and several percentile indices of dispersion, such as the interquartile range, as the dependent variable. The evolution of the different percentiles tells an interesting story that is discussed in the following section.
Robustness of the Evolution of Inequality
In this section we report the cohort effects estimated with the Theil 1 and Theil 0 indexes and compare them with the Gini index. We also analyze the evolution of different percentile measures.
In Figure 3 we can see that the evolution of the Theil 1, Theil 0 and Gini indexes are very similar. The three show similar behavior throughout. In all there is a period of increase in income inequality, followed by a period of decreasing inequality. In all the period of increase includes the 1929-1951 cohorts, though in the case of the Theil 1 it is possible to argue that the trend to increase started beforehand. The three show a drop, but the duration of the drop varies: it is longer for the Gini index (up until the end of the series) but shorter in the other two series (up to the 1964 cohort). Since we observe a somewhat different behavior between the three measures we look deeper into the evolution of the different parts of the distribution to try to assess why they differ. Possibly the most notable similarity is in the peaks and troughs of the three series. However, there is a clear difference in the mag- 25 1903 1906 1909 1912 1915 1918 1921 1924 1927 1930 1933 1936 1939 1942 1945 1948 1951 1954 1957 1960 1963 1966 1969 1972 1975 1978 Cohort Gini Theil 0 Theil 1 nitude of the fall in the later years. Excluding both the 1909 cohort and the last cohort, we find that in the case of the Gini index, the fall is larger in magnitude than the rise. However in the case of both Theil indexes the fall is smaller than the rise (two thirds of the rise in the case of the Theil 1 and three quarters in the case of the Theil 0). It is useful to examine the evolution of the P90-P50 difference (the upper half of the distribution), of the interquartile range (the middle of the distribution) and the P50-P10 difference (the lower half of the distribution). The interquartile range behaves pretty much like the P90-P50 difference but the upper half of the distribution and the lower half behave very differently. While there is a systematic decrease of the inequality in the bottom half of the distribution (up until the 1972 cohort), inequality in the upper half rose between the 1929 cohort and the 1941 cohort, then fell between the 1941 and 1962 cohorts and then rose again.
The rise in inequality in the upper half of the distribution explains most of the raise in overall inequality and then the fall occurs when both halves of the distribution are following the same trend and are decreasing in inequality. However, the periods when the percentiles fall and when the overall indexes fall do not coincide. Hence we take a more detailed look at the different parts of the distribution, looking at the differences between the following percentiles: 95 th and 80 th , 80 th and 65 th , 65 th and 50 th , 50 th and 35 th , 35 th and 20 th , and finally 20 th and 5 th . We omit their presentation not to clutter the paper with too many numbers. However, the conclusions from their analysis follow.
The best way to analyze these data is to separate the period into three subperiods (according to the evolution of the Theil and Gini indexes), and see which parts of the distribution contribute to explain the evolution of the overall indexes in each of the sub-periods. We separate the period into the 1903-29, 1929-1951 and 1951-78 sub-periods, which correspond to periods of: trend stability (but with great variation), rise, and fall of the indexes, respectively. We analyze the evolution of these percentiles by looking at the simple correlations between the different measures.
In the first period it is mostly the upper part of the distribution that leads the evolution of the overall indexes. The lowest part (P20-P5) has a life of its own, since the correlation with most other percentile differences is negative.
In the second period the same is true again. The overall indexes are lead by the upper part, while the lower part has the opposite behavior (there is an improvement in inequality in the lower part while there is deterioration in the upper part). Again the P20-P5 is an outlier, this time having the same behavior as the upper part of the distribution (deterioration). Hence the period when inequality worsens is a period where this evolution is mostly explained by an increase in inequality in the upper half of the distribution. The P95-P80 measure has a steep increase in the period 1923-1941 and then stays stable. These cohorts entered the labor market in the forties and fifties.
If we take into account that most of the present cross section inequality is explained by inequality in the upper quintile (see Torche (2005) ), explaining this deterioration that is lead by the upper part of the distribution is key in explaining the high level of inequality in Chile today.
In the last period (the period where the decline occurs) we observe that the overall indexes are highly correlated with the bottom of the distribution. Hence the reason behind the increase is deterioration at the top, but the reason behind the decrease is an improvement at the bottom. That leaves the distribution exactly where Torche describes it: with very good distribution at the bottom, but unequal at the top.
In the section that follows we will attempt to explain the evolution of the overall indexes through the evolution of human capital variables.
How Education Evolved Over the Period
What we have found shows that there is an interesting dynamic in the behavior of income distribution. This runs counter to the common observation that income distribution has not changed in Chile for many years. This stagnation is frustrating, specially given the fact that during the 20 th century the population systematically increased its average education level, and the dispersion of the education level also fell steadily, as can be seen in Figures 4 and 5 . These trends make clear that education cannot explain both the increase and the decrease in inequality, since these variables increase or decrease continuously over the period. We will address this issue later. Figure 4 shows that mean education, in particular starting in 1939 has grown steadily. It climbed at a higher rate in the period 1939-1958, which roughly coincides with the period in which the income distribution deteriorated. Figure 5 shows how the dispersion of education within cohorts (as measured by the Gini index of education) has decreased steadily. In this case acceleration in the rate of decrease is observed for the cohorts born between 1947 and 1961 (those going through the education system starting in the mid fifties to the late sixties). However, this does not coincide with the period where income inequality decreases. 1902 1906 1910 1914 1918 1922 1926 1930 1934 1938 1942 1946 1950 1954 1958 1962 1966 1970 1974 1978 FIGURE 5
DISPERSION OF EDUCATION BY COHORT (Cohorts born 1902 (Cohorts born -1978 To link the evolution of education to that of income inequality we use the human capital model and in particular what is known as the "Mincer equation". Hence our theoretical framework is one in which the evolution of income is determined by changes in human capital and in the rate of return to human capital. As a result, the evolution of the income distribution is determined by the means and standard deviations of the distribution of education and of the rates of return to education for each cohort.
The traditional Mincer equation (where we ignore experience) is:
(1) ln Y = A + RS Where Y is income, S is education, and A is a constant and R can be interpreted as the rate of return to education. If we take the variance of equation (1), assuming S and R are independent 10 we obtain:
mean (R)] 2 V(S)+[mean(S)] 2 V(R) + V(S)V(R).
Where V(S) and V(R) are the variance of education and the variance of the rate of return, respectively.
Hence, all else equal, the partial derivatives of the variance of log income with respect to mean education, variance of education, mean returns to education and variance of rates of return, are all positive. This provides an explanation for the fact that income inequality increased at the time when mean education rose more rapidly. From the point of view of the human capital Mincerian framework, during the 20 th century, the evolution of the distribution of education 10 This is a reasonable assumption if the returns to education are mainly driven by demand shocks rather than by supply shocks. 1 9 0 5 1 9 0 8 1 9 1 1 1 9 1 4 1 9 1 7 1 9 2 0 1 9 2 3 1 9 2 6 1 9 2 9 1 9 3 2 1 9 3 5 1 9 3 8 1 9 4 1 1 9 4 4 1 9 4 7 1 9 5 0 1 9 5 3 1 9 5 6 1 9 5 9 1 9 6 2 1 9 6 5 1 9 6 8 1 9 7 1 1 9 7 4 1 9 7 7 Cohort Only indivs with income > 0 All individuals provided two countervailing forces: one force increasing income inequality (the increase in the mean) and the other force decreasing inequality (the decrease in dispersion) 11 .
Since the inverted U shape of income distribution cannot be explained by variables that follow basically a linear trend, it is possible that the returns to education play a part in this story -the topic of the following sections.
How Rates of Return Evolved
Here we will only report findings and discuss how they may explain the evolution of income inequality. Further on we will run a more formal test of the influence of education and rates of return on income inequality 12 . Alternative estimates of rates of return are reported and discussed in Sapelli and Mullins (2006) . The results are shown in Figure 6 . There we include the "returns" to complete university education (i.e. the number of percentile points that persons climb in the income distribution if they have complete university education as opposed to having complete secondary education) and complete secondary education (the same, comparing complete secondary with complete primary). We omitted primary education (returns for the seventh and eighth years here have been steady at about five percentile points).
As can be seen in the Figure 6 , returns for secondary school were higher than those of university up until cohorts born in 1927, when both lines cross for the first time. Both returns continue at similar levels until 1943. From cohorts born in 1944 and after returns diverge sharply, with returns to complete university education implying changes in the income distribution of up to 45 percentile points, and with returns to complete secondary education falling to about 5 percentile points. The maximum for one series and the minimum for the other coincide in 11 This process will end with the mean reaching a plateau, as it has in developed countries, at which point the dispersion of education will be the only force driving income inequality. Nonetheless, we are not there yet, and we will probably have to wait for most people to complete secondary education before this occurs. 12 What we have here are "rates of return" estimated as how many percentile points in the income distribution a person ascends within his own cohort with additional education. These "rates of return" we can estimate for the full sample of cohorts. What we do is basically a Mincer regression in which we do not use income as the dependant variable but the percentile where the person is in the income distribution of his cohort. The coefficient of education gives us a measure of how many percentiles an additional year of education will lift a person in the income distribution of his own cohort. We work with a spline and interactions by cohort to estimate returns to different levels of education and sheepskin effects for different cohorts. See Sapelli and Mullins (2006) for a more detailed discussion of the methodology. This measure of the return to education is not sensitive to either the correction used for inflation (very relevant for periods of high inflation and dubious price statistics e.g. Chile 1970-78), or highly determined by the first five or so income flows, both problems faced by traditional rates of return. Moreover, the latter approach requires data on a cohort from age 12 onwards, making it impossible to estimate rates of return for cohorts born before 1945 (our earliest data is the 1957 survey), a problem sidestepped by the regression structure of the percentile approach. For alternative measures of the rates of return to education see Sapelli (2009). time, for cohorts born in the early seventies. Then there is a sharp reversal in the trend and both returns tend to equality at about 30 percentile points. As we will see, the beginning of the period, when returns diverge, coincides with the period when income distribution deteriorates. However returns converge too late to explain the decline in inequality that starts with the cohorts born in the fifties. Figure 7 shows the relative returns to different levels of education. This is estimated as the ratio of the number of percentiles you climb by completing one level over the number of percentiles you climb by completing the other. In the case of primary school we use the number of percentiles a person that completes the last two years of primary (7 th and 8 th grades) climbs in the income distribution.
The dark line tells us the same story as Figure 6 : relative returns of university compared to secondary schooling are approximately flat (and similar) for most of the period, and start rising (at an increasing pace) with the cohorts born in the mid forties. They then fall sharply towards the end of the period.
The ratios of university and secondary to primary tell a new story. Both ratios rise until the late forties and fall after that, but the ratio of secondary to primary falls more sharply. Since these ratios are an indication of how dispersed the rates of return are, and that the dispersion of returns increase income inequality, they may be part of the explanation of the trends in cohort income inequality. This is more probable since these broad trends do coincide with those in income inequality, an issue we will examine more formally later. 1904 1907 1910 1913 1916 1919 1922 1925 1928 1931 1934 1937 1940 1943 1946 1949 1952 1955 1958 1961 1964 1967 1970 1973 1976 High School College Equation (2) above tells us that average returns (given dispersion) will increase income inequality. The data shows average returns increasing for most of the century and stabilizing towards the end.
In sum, most of the indicators we have looked at could contribute to explain the increase in inequality, but the only one that appears to contribute to the explanation of the most recent downward trend is the dispersion of returns. To take a more detailed look at these, we look at "sheepskin effects" (the returns to finishing a level, be it primary, secondary or university, the actual values are not reported here), the existence of which will contribute to increasing the dispersion of rates of return per year of education.
The estimates show positive sheepskin effects for most of the period. They are of a similar magnitude for about a decade starting with cohorts born in 1918. They then diverge slowly, and starting in the late thirties they diverge strongly, to converge again towards the end of the period (starting in the mid sixties). This confirms that there may be an important contribution of the evolution of the dispersion of rates of return in the reduction in income inequality.
Do Education Variables Explain the Trend in Cohort Income
Inequality?: A Formal Test
In this section we add variables to the "pure" Deaton regression to see if the trend in cohort income inequality is explained by the evolution of variables related to the level of education of the cohort, its dispersion, the rates of return of the cohort and its dispersion. If when we add them, the cohort effects disappear, then these variables explain the cohort effects. We estimate the additional variables both by cohort and by age-cohort cell. In the first case we look into variables that could explain the cohort effect as estimated by a pure Deaton regression. In the second case we use variables that could explain part of both the cohort effect and the age effect. Hence we implicitly introduce an interaction term that implies modifying slightly the traditional Deaton methodology. We do this because, as we have seen, trends in education are continuous during the century (in particular for the Gini of years of education and the mean level of education achieved), and hence cohorts are systematically different in these respects. The relatively crude separation technique offered by Deaton may confound what in reality are the effects of the changes in education (and hence cohort effects) with age effects. Since older persons in every year have a higher degree of education inequality, the method may attribute this to pure age effects when in reality they are cohort effects.
The point is that since there is a correlation between what happens by cohort and what happens by age, it is possible that the Deaton methodology is not correctly separating cohort and age effects. More to the point, it is possible that the reduction in inequality due to cohort effects is even larger than the one showed by the pure Deaton regression, since part of the effect of the reduction in the Gini index of education may incorrectly be attributed to age (being younger) rather than cohort. What one would expect if this is true is that the age effects would be appreciably reduced when using the age-cohort characterization of education variables (only the mean and dispersion of the years of education is changed in the age-cohort specification, not the variables associated with the returns to education which are necessarily estimated by cohort).
Regressions results with variables defined by cohort are not discussed here though they are reported in Table 2 . Variables defined by cohort do not help us explain the evolution of cohort inequality. 6 (1936 -1951 ) 9 (1952 -1978 ) 6 (1936 -1951 ) 9 (1952 -1978 ) Plus education 5 (1937 -1951 ) 11 (1952 -1978 ) 3 (1909 -1951 ) 12 (1952 -1978 ) Plus education and returns 5 (1936 -1951 ) 8 (1952 -1978 ) 12 (1952 -1977 ) 0 (1909 -1951 ) 8 (1952 -1978 ) 13 (1952 -1977 
Regressions with Variables Defined by Cohort-Age Cell
Figures 9 and 10 show the cohort effects after we control only for mean years of education and Gini of education ( Figure 9 ) and for those variables plus variables that characterize the distribution of returns (Figure 10 ). Regressions are summarized in Table 1 . The key conclusions from this exercise are as follows. When controlling for the number of years of education (mean and dispersion) the increase in inequality disappears and the drop in inequality is accentuated, showing that education variables fully explain the increase in inequality but do not explain the reduction. Actually, the evolution of the education variables would have justified a further increase in inequality that is not observed. Hence the unexplained fall 15 1908 1913 1918 1923 1928 1933 1938 1943 1948 1953 1958 1963 1968 1973 1978 Cohort 15 1909 15 1913 15 1917 15 1921 15 1925 15 1929 15 1933 15 1937 15 1941 15 1945 15 1949 15 1953 15 1957 15 1961 15 1965 15 1969 15 1973 15 1977 15 Cohort 1905 once education variables are incorporated is larger. When we also control for returns (mean and dispersion, see Figure 10 ) then we observe that returns do explain part of the decline in inequality. What is interesting is that the evolution of the number of years of education and of returns completely explains the increase in inequality from 1936 to 1951. However, they would have lead to a further increase in inequality during the period when cohort income inequality falls, hence the drop is accentuated when one includes education variables. This is so with the exception of the last few years (in particular the last-1978) where returns do appear to explain the drop in inequality.
It is also interesting to note that when we use the data by cell, the education variables explain 10 points of the Gini index that in the other specifications are explained by the age effects. Age effects go from zero to 35 points as a cohort ages when education variables specified by cell are not included, but go from zero to 25 points when they are. This proves that there is a possible absorption of cohort effects by the age effects in specifications such as the "pure Deaton" regression.
We can conclude that all the specifications we have tried, even though they do a fair job of explaining the rise, fail to explain the fall. Up to now we have constrained the regressions to have the same coefficients for the three periods we are attempting to explain. We will now relax this assumption.
What Explains the Drop in Income Inequality?
If education variables do not explain it, then what is it that explains the drop in cohort income inequality? One candidate that we have left out of our human capital framework is experience. A drop in the returns to experience would lead to a decrease in cohort inequality. And there is evidence that this has occurred in the data.
People born between 1953 and 1957 entered the labor market in the early to mid seventies. At that time other studies (Haindl (1987) , Sapelli (1990) , Gill, Haindl, Montenegro and Sapelli (2002), and Lima and Paredes (2004) ) show an important change in the behavior of the labor market with a significant increase in turnover. A higher rate of turnover implies less accumulation of specific human capital and hence less increase of income with age. This is very good evidence to proceed to the next step, that is, to split the sample. What we are saying here is that the age effects may change as cohorts become younger. But in our methodology we are forcing the age effects to be the same across all generations. We split the sample into 3: the first period when cohort effects are constant , the period when they are rising and the period when they are falling (1959) (1960) (1961) (1962) (1963) (1964) (1965) (1966) (1967) (1968) (1969) (1970) (1971) (1972) (1973) (1974) (1975) (1976) (1977) (1978) 13 . Hence we run the same regressions we were running beforehand (with number of years of education and returns) for the three subperiods (i.e. three separate regressions). These are our "final" regressions.
FIGURE 11
COHORT EFFECTS FROM SPLIT SAMPLE As can be seen in Figure 11 , this specification manages to eliminate most of the cohort effects, and the ones that continue to be there do not show any pattern. This specification, therefore, has achieved to explain both the rise and the drop: the rise through education variables and the drop through the returns to experience. However it should be noted that splitting the sample diminishes the power of our tests. This can be seen by the wide standard errors for the first subperiod or the wild change from significant negative to significant positive cohort effects in the case of our third subperiod. We proceed to look at the differences in age effects for the three periods in Figure 12 . Figure 12 shows that the age inequality profile was much steeper during the intermediate period (when inequality was rising) than in the other two periods. In the intermediate period the inequality due to age effects added up to 15 points to the Gini index. However in the other two periods they did not add more than 10 points. These five points are key to the explanation in the fall of inequality. Although the higher education of the latter sample would justify a pattern of much steeper increase in income by age, we observe a less steep increase than that observed in the mid period. This shows that returns to experience must have decreased. Since then the fanning out of income with age is lessened, cohorts are more equal. The cause of this decrease in the returns to experience could be the increase in turnover (but this is a hypothesis that requires testing, we leave this for future work). 
Conclusion
For cohorts born from 1902 to 1978 one observes three periods in the evolution of cohort effects in income distribution. At first it is flat. Starting with cohorts born in the early thirties there is a deterioration that continues up to cohorts born in the fifties. The income distribution then undergoes an improvement, starting with cohorts born in the early fifties and especially after the cohort born in 1959 14 .
The improvement is statistically significant and numerically important: of about 9 points in the Gini index (or about 20% considering a Gini index of 0.50).
We attempt to explain this evolution controlling for variables that are important in the human capital framework: mean and deviation of education levels and rates of return. This evolution does help understand the evolution of inequality, and in particular it explains fully the increase from the thirties to the fifties. Once one includes these variables, the cohort effects in those decades do not show deterioration in income inequality. However, these variables do not explain the recent improvement. In some regressions the drop even increases, implying that education variables in the period would have contributed to a further deterioration. Hence, once one controls for education variables, the gap to explain is even larger. The only variable that helps in explaining the decrease 14 About half of the working population was born before this cohort. Hence this improvement at the margin is not yet discernable in the stock. But the improvement is already present, and visible if one looks at the marginal instead of the stock distribution. is the evolution of rates of return, specially the drop in means and dispersion that has occurred recently (though this does not explain what happened when the decline in inequality started). What appears to be driving the improvement is a reduction in the return to experience and hence a decrease in the "fanning out" that occurs after persons with different educational levels leave school. There has been a reduction in the increase of inequality with age.
